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Table 5 Comparison of the results of different algorithms

B %

Bk KR HEE  mAPS0  mAP9S
YOLOv11-S™ 71.3 62.9 72.1 53.8
YOLOv12-S'* 74.3 62.2 73.1 54.9
RT-DETR-R50* 68.3 57.4 65.7 49.5
RT-DETRv2-R50'"  69.4 59.9 66. 0 49.9
YOLOv12-MS-SP* 74,7 63.0 73.0 54. 8
YOLO-IDOD-S 79.9 62.5 77.7 57.3
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Table 6 Comparison of the computational complexity and

inference time of different algorithms

ok S 10° RS % f’%zﬂm‘

GFLOPs ]/ ms
YOLOv11-8™! 9.4 21.5 3.3
YOLOv12-S'* 9.3 21.4 3.6
RT-DETR-R50"* 42.0 136.0 10. 8
RT-DETRv2-R50% 42.0 136.0 10.0
YOLOv12-MS-St 8.4 21.4 4.0
YOLO-IDOD-S 12.1 29 21.7

LG 5 & 6 BdE o M Al A, YOLO-IDOD 7E
N 5 3 S8 A B S ) G R R R BT X 4T AR 3h A B
o R R A TR ) Tl L SR ) [ PR A T % 2
TR LT TR .

B UE Bl #E B0k Bz AR BB 1, AR IRVIEY B
£ b AT 2 6 X W SE 3., YOLO-IDOD 5
YOLOvI2M 7 TRVIV B4 4 b i 70 %50 5% o 18] 7
fii . Hot YOLO-IDOD #H#: T YOLOv12 f& I 45
HA WM T

(1) KBRS JE2 32 T 83 . 7618114 004 817. jpg 5
004 996. jpg H, YOLOvI2"*' Xf T color_cone 5 car
K HARFETE W B K, M YOLO-IDOD fE 52 % Ko i
FFA 200 H A5 5 %R 004 900. jpg H, YOLOvI2 /XK
I H 343 person 5 bike, T YOLO-IDOD HE 7 i i1
S H AR O 25 o AR T

(2) & K R AK. 76 B 1R 004900. jpg T,
YOLOvI2 HE % L 5] T “ car _stop” 28 51 H 4R (4 {4
HE) ,JB T 4% T YOLO-IDOD REA 504 i e 25 4%
KRG 4 T4 2 0] 6 B 1

(3) 3 FHE 2 {7 TRS M . YOLO-IDOD [ 4E {4 5
H AR SE b ARG &, SR 7E 4228 person ZE/)
HAr RSB &

0045 17.jpg 004300 jpg

Person

005586 Jpy
r Person y
I'S'ike Bike ﬂﬂ@

g

996./0g

Per:PersorF

|
R

(a) labels

005536.jpg |

004617.jpg 004900.jpg

-~

Person

An.Person o
. ar stop Bikae~' Person F

(b) YOLOVI2
005586.jpg + | 004396./pg

) P Person. o~
: erson: Person ike . )
Ele gaittolore: © BFICaBEE perPersogliit

(¢) YOLO-IDOD
B7 FEEEE IRVICVHLERER
Figure 7 Comparison of the results of different

algorithms on the IRVI!™
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Table 7 Generalization test on IRVI""

B, %
=RV WE  FBRER  nmAP@50 mAP@ 95
YOLOvI2!'S  63.3 55.7 65.3 43.8
YOLO-IDOD  66.9 62.2 69.1 44.2
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Abstract; To overcome the limitation that existing infrared object detection algorithms had inadequately exploited
temporal information and inter-frame dependencies in dynamic target detection, thereby resulting in suboptimal de-
tection accuracy, a real-time infrared dynamic object detection framework based on YOLO-IDOD, incorporating a
Dynamic Attention Module (DAM) and a Channel Attention Convolution ( CACONV) module, had been proposed.
The YOLOv12s architecture had been employed as the baseline network, in which a dynamic attention mechanism
had been integrated at the input stage to extract short-term optical flow features via an optical flow network, effec-
tively suppressing background motion interference and enhancing the network’ s sensitivity to target motion charac-
teristics. Furthermore, a channel attention convolution module had been embedded within the network architecture,
where channel-wise attention mechanisms had been introduced at both the input and output stages to facilitate more
discriminative feature representation and selection for the DAM-enhanced features. The proposed modules had been
designed as plug-and-play components, enabling spatiotemporal feature aggregation and adaptive feature selection,
thereby improving the generalization capability of the network for infrared dynamic target detection. Experimental e-
valuations had demonstrated that the improved YOLO-IDOD model had achieved a precision of 79.9%, a recall of
62.5% , an mAP@ 50 of 77.7% , and an mAP@ 95 of 57.3% on a mixed dataset composed of a self-constructed
dataset (IRDA) and the public FLIR_ADAS_v2 dataset. Compared with the baseline YOLOv12s model, precision,
mAP@ 50, and mAP@ 95 had been improved by 5.2, 4.6, and 2. 4 percentage points, respectively, while main-
taining a comparable recall rate, thereby effectively enhancing detection accuracy and generalization performance
for infrared dynamic targets.

Keywords: Infrared Dynamic Target Detection; YOLOv12; DAM; CACONV; Multi-dimensional channel attention

mechanism



